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Abstract

To upgrade home style recommendations and user satisfaction, this paper proposes a personalized and opti-
mized recommendation algorithm for interior design style based on local social network, which includes data
acquisition by three-dimensional (3D) model, home-style feature definition, and style association mining.
Through the analysis of user behaviors, the user interest model is established accordingly. Combined with the
location-based social network of association rule mining algorithm, the association analysis of the 3D model
dataset of interior design style is carried out, so as to get relevant home-style recommendations. The experi-
mental results show that the proposed algorithm can complete effective analysis of 3D interior home style with
the recommendation accuracy of 82% and the recommendation time of 1.1 minutes, which indicates excellent
application effect.
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1. Introduction

Rapid advance and popularity of computer network technology grows people’s dependence on the
network. Currently, the Internet is an indispensable part of social life and work. Moreover, as computer
graphics processing technology develops, various advanced 3D design and visual display means emerge,
so that three-dimensional (3D) modeling and virtual reality technology has become a popular direction
in the current space design application industry [1]. Compared with the traditional offline two-dimensional
or physical display, product display or online shopping based on 3D modeling and virtual reality
technology is conducive to not only appearance display and human-computer interactive browsing, but
also the immersive shopping experience, literally better visual effects.

Relevantly, the interior design platform based on 3D modeling and virtual reality technology is
gradually gaining research attention in this respect [2]. But in reality, although 3D interior design platform
can provide an intuitive home and scene experience, the style diversity and users’ own interests are reasons
for wrong decisions in interior design, or even overall style mismatch, which affects shopping experience.

To solve this, professional interior designers also need assistance [3]. Actually, online home design or
shopping websites cannot provide one-to-one real-time professional human services for each online user.
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One proposal from the study [4] was an automatic indoor scene generation algorithm by case-based
reasoning and collaborative filtering technology. According to the indoor circulation path, the two-
dimensional house map was divided into functional areas. Case-based reasoning and collaborative
filtering technologies were then used to generate 3D scenes and diverse indoor scene. This method
generates scenes faster, but the accuracy of interior design style recommendations is poor. Other study
[5] proposed an interior design project recommendation method based on collaborative filtering
technology. Firstly, current recommendation researches on interior design projects at home and abroad
are analyzed, so as to define the shortcomings of various recommendation methods. Then interior design
users and project characteristics can be selected out, and the similarity measurement calculation formula
is designed. Next, the indoor design project recommendation results are obtained according to the
predicted scores of the k-nearest neighbor users. This recommendation algorithm has higher accuracy,
but takes a long time.

Therefore, this paper proposes a personalized recommendation algorithm for interior design style based
on local social network, including the data collection of indoor space design interest, home-style feature
definition, and style association mining. Also, user behavior data is analyzed through the location-based
social network. To establish an accurate user interest model, the apriori algorithm and the association
rule mining algorithm are combined based on the local social network. Finally, online users complete the

unified selection of home styles.

2. Personalized Recommendation Algorithm of Interior Design Style

To study the personalized recommendation algorithm of interior design style, favorable features by
users of the interior design styles should be firstly defined and analyzed. Through the location-based
social network algorithm, users can get recommendations accordingly together with preliminary
recommendation results. Finally, a personalized user-oriented recommendation engine for interior design
websites based on positioning social network technology is designed, and an independent design beyond
the website system is also adopted. Both online and offline methods are used to provide recommendation
services and user recommendation data. Finally, the recommendation list generated by the engine is
presented to website users.

2.1 Interior Design Style Interest Feature Evaluation Algorithm

As this paper studies and applies the recommendation algorithm for interior design scheme of the
interior design websites, corresponding websites are taken into consideration to improve the relevant
algorithm. Currently, there are few user interests in interior design, with even less users and projects,
along with lesser explicit and implicit scoring behavior of users. Considering the scalability and
recommendation accuracy, the advantages and disadvantages of the location-based social network
algorithm, together with current interior design websites, an optimized version is designed for interior
design scheme. To be noted, this algorithm is mainly divided into two stages [6]. In terms of interior
design recommendation, this paper studies the influence of user cognition on recommendation
technology acceptance behavior on e-commerce websites. Here, association recommendation algorithm

is a common data mining method in e-commerce system in recent years, typically apriori algorithm. In
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order to support online users in unified home style selection and get the recommendation results, all the
existing 3D model data sets in the platform are collected as the training set [7]. The 3D model of interior
design is defined by home style features, and the transaction set is established. Finally, the typical
association rule mining algorithm is used to analyze the scene style features. Firstly, this paper optimizes

the collection process of style interest features, as shown in Fig. 1.

( 3D model database designed by interior designer O

11

3D model data acquisition

~_~
The 3D model is defined by the characteristics of home style, and the
transaction set is constructed

<. _~
Apriori, a typical association rule mining algorithm, is used to mine style
patterns

Fig. 1. Collection process of interior design style interest features.

Furthermore, the contour of the home model is described by hog features.
R =min¥y_, P ||XP — UPVP||; + u||nm||3, (1

where X? represents the interior design style characteristic matrix of the p-th perspective; UP and VP
represent the base matrix and coefficient matrix of the p-th perspective, respectively; u represents a
smoothing factor, P represents the weight of the p-th perspective, and » represents the total number of
perspectives [8]. The standard K-means that clustering algorithm is used for clustering observation, and

the IDF value of each interior design style interest feature cluster is obtained by the following equation:

|{meM:cem}|

IDF(c) = "=

s 2

where c is the interior design style cluster, N is the total number of models included in this class, and M
is the effective recommendation amount of the model. Right IDF is crucial to the right style features [9].
Assuming I; = {e;1, ez, ..., €iq} is the style element item set of the class I 3D model, where ¢ is the label
of'the style element, so that S(i, j) represents the number of times the class j behavior occurs for the class

i user. For the convenience of statistics and analysis, S(i, j) is normalized as follows:

SEN-Min(S(E.1))

Qij =IDF(c) * Max(S(i,))-Min(S(i.j)) €)

Where Max(S(i,j)) and Min(S(i, j)) represent the maximum and minimum number of j-type behaviors

of the i-th user in a certain period of time respectively. If the weight is W} and the proportion of behavior

578 | J Inf Process Syst, Vol.19, No.5, pp.576~589, October 2023



Guohui Fan and Chen Guo

j in all behaviors of the user is P(Qi, j), the entropy calculation method of behavior j is as follows:

ny(P(Qi)))(Q: )
li=-% log, @
where Q; ; is the number of times that the i-th user conducts behavior j; 7 is the total number of all
behavior categories of the i-th user [10]. According to the above formula, the weight of behavior j can be
obtained, and the calculation method of interest feature category is as follows:
— 17
WB; = T &)
where m is the total number of all behavior categories [11]. Based on the above algorithm, the

characteristics of interest categories can be defined, so as to better improve the reference basis for

personalized recommendation methods.

2.2 Optimization of Personalized Recommendation Steps of Interior Design Style

Through the location-based social network algorithm, users can get preliminary recommendations.
Top-N items are selected as the input of the next part, so as to realize less influence of remote users,
smaller calculation range of user item score matrix of location-based social network algorithm, and higher
calculation efficiency of the algorithm [12]. Considering the idea of such algorithm project and the
influence of project similarity, the cosine similarity and project type similarity between projects are
integrated to weigh the location-based social network algorithm, which is different from the method that
only the average score difference between projects rather than project similarity is used to predict the
score [13]. From the above aspects, the process of feature category recommendation of interior design
scheme is optimized, as shown in the following Fig. 2.

Further, the location-based social network algorithm is also adopted to calculate the Pearson correlation
coefficient method with higher accuracy by the users’ neighboring group. The nearest neighbor algorithm
is based on the similarity threshold algorithm, and the recommended design scheme list is submitted to
the location-based social network algorithm as the input [14]. The whole algorithm is functioned by
Apache Mahout’s taste component, which is designed to meet the scalability and flexibility requirements
of the interior design recommendation engine. Then it is further developed into a business logic module
in the form of web service and HTTP, which is integrated into the interior design website system [15].
Here are two scoring methods for user behavior records. One is explicit scoring [16-18], literally the
website server records the users’ evaluation scores for the item or lets the users decide how much they
like these items. The other is to record individual user’s behavior pattern instead of scoring, such as
website users’ collection, purchase items, etc., which is called implicit scoring. In the recommendation
process, user behaviors need to be converted to score values to calculate and individual user’s score from
explicit scoring is easier to gain. Therefore, the implicit score should conduct conversion accordingly
[19]. The interior design scheme is scored by the 5-point rank, and the implicit scoring behavior can be
converted according to the user’s preference degree. For example, if the browsing item is set at 1 point,
the careful browsing can be set to 2 points [20]. On most websites, users seldom give explicit ratings to
items. One of the most important principles is that in order to cater to users’ habits, the website design

allows users to reduce the tedious operation to the maximum [21]. Explicit scoring requires a high degree
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of user cooperation and participation, which obviously violates the user habits and the principles of
website design. Despite that, explicit ratings can largely reflect the user’s preference. Through
investigations, major behaviors among general users of the interior design websites are shown in Table

1, including the design of corresponding implicit scoring.

start
Y
User project score /
data, user and ¢ ¢
project information
data input Calculate project domain Calcu].ate.: ite.m type
similarity similarity
, |
The user similarity is weighting
calculated to get the user \ 4
neighbors
Project similarity
Y v
User neighbor Project similarity weighted
recommendation results slope one algorithm to calculate
topn recommendation results
A 4
end

Fig. 2. Recommendation process of feature category of interior design scheme.

Table 1. User behavior analysis of home decoration website

Scoring  Corresponding

User behavior mode score value Explain
Simple browsing Implicit 1 point Users can browse the pictures by clicking the design scheme
Browse carefully Implicit 2 points Full screen browsing when users view decoration design
scheme pictures
Give the thumbs-up Explicit 3 points Users click “like” button
Download Implicit 4 points Users download a set of decoration design
Collection Implicit 4 points Users click the collect button
Purchase Implicit 5 points Users click to buy products related to the design

For those home decoration websites, the interior design process usually involves: the first part is the
preliminary work, including understanding the decoration process, price quotation, reference decoration
design scheme and consulting relevant personnel. Then is the decoration process involving the entire
project budget, including how to choose the right designer, materials and decoration company, purchase
of household goods, and so on [22]. Finally, the acceptance of design results. To be noted, in order to
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provide personalized design scheme recommendation system, websites need to collect and process users’
behavior data, together with corresponding data mining in the background, so as to provide better design
schemes. In this aspect, a well-functioning recommendation engine needs three parts: user behavior log
collection, offline preprocessing, and recommendation. Through the analysis of current interior design
websites, and considering the usability and practical significance, the following interaction diagram of
interior design scheme recommendation engine is used to describe the functions that need to be covered,
as shown in Fig. 3.

The data mainly includes the explicit and implicit ratings of users, such as browsing, downloading,
like, purchase and other user behavior records. As data source, these interior design websites mainly
serve consumers with decoration needs. Usually, these users need to register on the interior design
websites, browse the decoration design scheme, contact relevant decoration companies and purchase
relevant products. That is, the information about website users, design scheme and user behavior data,
are key to excellent recommendation service for target users. However, it is not wise to process a large
amount of user behavior data directly in the website background. In order to minimize the impact on the
normal operation of the front and back-end of the website together with the user experience, a large
amount of data is separated from the website for offline processing. At the same time, it is necessary to
extract, convert and load a large amount of user behavior data to figure out the characteristics of users
and project data collection. Then through the processed user behavior data, user and decoration design
information, combined with the improved location-based social network algorithm, the website users can

receive possible design recommendation list offline, thus realizing relevant real-time website service.

User behavior

User behavior log data User behavior
collection record
Offline preprocessing
Hom
e
deco
ratio User home
n Home decoration scheme decoration scheme
webs recommendation 3 feature data
ite )
recommend
Reading‘“-‘
Recommended list )
/ Recommended and .
<€ data : Recommendation
/ engine database

Fig. 3. Interactive diagram of the interior design style interest recommendation engine.
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2.3 Implementation of Personalized Recommendation of the Interior Design Style

The personalized recommendation engine for the interior design website users based on location-based
social network technology is designed. In order to minimize the impact on the website itself along with
the mismatch between the recommendation engine and the interior design websites, the independent
design beyond the interior design website system is adopted. The design of recommendation engine is
mainly divided into module design, recommendation algorithm design, and database design. The
recommendation engine of the interior design scheme relies on the interior design website system.
Moreover, to have less impact on the normal operation of the interior design website, both online and
offline methods are used to provide recommendation services to website users. The recommendation
engine will be integrated into the architecture of the interior design website as a module offline. And the
front page of the interior design website can easily obtain the recommendation list generated by the
recommendation engine and present to website users. Here, Fig. 4 shows the overall architecture of the
interior design proposal recommendation engine of the interior design website.

From the overall architecture of the recommendation engine, the user behavior logs recorded on the
production server of the interior design website, as well as the user information and decoration design
scheme information in the background database of the website will be transferred to the database of the
recommendation system for storage, and then a large number of user behavior logs will be processed by
ETL into the data necessary for recommendation, then through the location-based social network. After
offline recommendations, the intermediate results will be submitted to the online recommendation
module. Finally, the online module will display recommendation results for each corresponding website
user. When target users log in to the website, they will get the personalized decoration recommendations.
More specifically, the recommendation engine of the interior design website with location-based social
network is divided into three modules: data collection, offline preprocessing, and the interior design
algorithm recommendation. The functional structure of the recommendation engine is shown in Fig. 5.

According to Fig. 5, a large number of user behavior logs recorded by the website production server
will be delivered to the backup server when the website has the least user visits. It can not only avoid the
impact on the performance of the interior design website server, but also make full use of the limited
storage resources of the backup server. At the same time, the user information and decoration design
scheme of the website back-end database are synchronized to the backup server. After that, Rsync tool is
used to synchronize the data in the backup server to Hadoop cluster for data mining of recommendation
system. In addition to formulating data flow strategy, data collection also needs to fully collect website
user behavior data and select appropriate data synchronization tools. Specifically, the server log recorded
by normal interior design website contains incomplete user behavior records, typically Nginx log.
Upgrading will not only cost extra money and storage space, but also put lots of space pressure to the
website itself. Considering the current situation, a good choice is to modify the Nginx log format. As a
result, the number of location-based and content-based interior design algorithms for traditional social
networking sites will not be limited to current number of users. After general researches, when designers
upload the design scheme to the website, the project description is very short. So that project type rather
than only descriptions is far better to distinguish the similarity between the two design schemes.

Considering the above situation, the algorithm part of the recommendation engine is shown in Fig. 6.
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Fig. 4. Function structure optimization of recommendation engine.
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Fig. 5. Function division of the interior design recommendation engine.

The location-based social network algorithm is used to measure the similarity between users by cosine
theorem, which is verified by experiments. The nearest neighboring algorithm adopts the neighboring
algorithm based on the similarity threshold with higher accuracy with the threshold value of 0.5. The
item similarity of the algorithm is weighed by cosine theorem similarity of user item matrix and item
type similarity, in which the weight coefficient is 0.5, 0.3, and 0.7, respectively. After that, the
recommended interior design scheme list is submitted to the location-based social network algorithm as
input, which can better meet the requirements of enterprises for high scalability and flexibility of the

interior design scheme recommendation engine.
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Fig. 6. Optimization steps of personalized recommendation for the interior design.

3. Experimental Results

The existing device discovery scheme takes a long time because the 48-bit UID search range (2*%) tends
to induce very deep tree levels along the binary search tree. Thus, a new device discovery scheme is then
proposed, which is called partition-based device discovery. In the proposed scheme, all devices in the
network will be grouped into Np partitions, as shown in Fig. 2.

The personalized recommendation algorithm of the interior design style with location-based social
network is simulated and tested. The configuration of simulation PC is Intel core i17-4785T CPU @2.20
GHz, 4 GB memory, Windows 7 operating system. The configuration of software and hardware
environment is shown in the Table 2.

The experimental cluster uses two 3-node s14540 servers, including one master node and one backup
node, and the rest are slave nodes. The 3D model data acquisition process takes 4.2 hours for component
sampling and feature calculation, with the support threshold of 0.2. In addition, the maximum number of
style features in each mode is 10, and the minimum number is 2. In order to make a quantitative
comparative analysis of style similarity, the following formula is used to mine the difference degree

between different style pattern sets.
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Table 2. Experimental environment

Configuration item Configuration parameter

CPU Intel Core i5-3210M 2.50 GHz
Available memory 119G

Operating system 64-bit Window 8 Professional
Programming environment Eclipset 4.2

Java version number 1.6.0_35

Hadoop cluster version number IDH 2.5

. __|Pinpj]
Sim(P, P;) = PP (6)

where P; and P; represent the set of different style modes (which are suitable for different scenes). After
randomly setting user scenarios, other scenarios of its nearest neighbors are mined according to the
formula, and users are recommended and displayed in S im(Pi, P-) order from large to small, so as to meet
people’s common expectations. Aiming at the home decoration design scheme of the interior design
websites, a suitable location-based social network recommendation algorithm is studied and
implemented. Taking 6,813 house types in the 3D-FRONT dataset (3D Furnished Rooms with layOuts
and semaNTics) as the experimental dataset. Based on this, the data collection and transmission test
results are shown in Tables 3-5.

The accuracy of the interior design style recommendation is tested before and after using the recom-
mendation algorithm for 1,000 users, as shown in Table 5. From Table 5, the design style recommenda-
tion accuracy of the algorithm [4] is 73%, and the corresponding accuracy of the algorithm [5] algorithm
is 71%. However, the proposed method achieves 82% accuracy. To explain it, the method in this paper
analyzes the characteristics and style correlation of home style, establishes a user interest degree model,
combines location social network, and uses association rule mining algorithm to perform association
analysis on the interior design style 3D model data set. Therefore, the home style recommendation results
are highly consistent with user expectations.

On this basis, the time consumption of three recommendation algorithms to recommend the interior
design styles to 1,000 users is tested, and the comparison results are shown in Fig. 7.

From the analysis of Fig. 7, the recommendation time of the algorithm [4] is 5.5 minutes, and the
recommendation time of the algorithm [5] is 5.6 minutes. However, the recommended time consumed by
the proposed method is 1.1 minutes. That is, the proposed method is more accurate, with less

recommendation time and validity.

Table 3. User project score table

Uid Design_id Operation_type Preference Timestamp
10035726 362814 download 4 1417738088

Table 4. Home decoration scheme similarity table

Design_id1 Design_id2 Type Similarity Timestamp
102476 23044 1 0.6 1417733621

J Inf Process Syst, Vol.19, No.5, pp.576~589, October 2023 | 585



Personalized Recommendation Algorithm of Interior Design Style Based on Local Social Network

Table 5. Comparison of recommendation accuracy results

User serial number Algorithm
Song and Jia [4] Ning [54] Proposed

100 72 70 81

200 75 71 83

300 68 69 81

400 74 73 80

500 71 70 82

600 76 74 85

700 77 76 84

800 72 71 82

900 69 67 82
1,000 73 69 80
Average value 73 71 82

The proposed algorithm
— — — — Reference [4] Algorithm
—_——— Reference [5] Algorithm
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Fig. 7. Optimization steps of personalized recommendation for the interior design.

4. Discussion

This experiment is designed to compare the proposed personalized recommendation algorithm in this
chapter and the traditional one. Compared with the indoor scene generation algorithm based on case-
based reasoning and collaborative filter proposed in [4], and the indoor design project recommendation
method based on collaborative filtering technology proposed in [5], the proposed one has significantly
higher prediction accuracy. Moreover, current application also receives higher user satisfaction. This is
because the algorithm in this paper analyzes user behavior data based on local social networks, establishes
an accurate user interest model, and performs association analysis on the interior design 3D model data
set through association rule mining algorithms, so as to obtain satisfactory home recommendations for
users. Above all, the proposed personalized recommendation algorithm is significantly superior and fully

meets the research requirements.

586 | J Inf Process Syst, Vol.19, No.5, pp.576~589, October 2023



Guohui Fan and Chen Guo

5. Conclusion

At present, the online shopping of the home improvement industry is gradually growing, but still
remains in the initial stage of e-commerce, as consumers usually pay the most attention to the pictures,
prices and brand reputations. Among them, poor user experience and inadequate satisfactory solutions
within limited time are major weak points of relevant domestic market, which results in huge economic
losses to this industry. To solve this, the recommendation system is a good choice. However, the
processing efficiency of massive log and recommendation accuracy affected by the rapid growth of users
are important factors that restrict the application of such system. In response to the above problems, this
paper proposes a personalized recommendation algorithm for interior design style with location-based
social networks, Hadoop, Hive, and other technologies. Through experiments, this method is fully
verified with the user satisfaction rate of 82%.

Moreover, this algorithm can provide personalized recommendation of interior design styles, but does
not consider the computational time, resulting in poor efficiency. Therefore, to realize higher efficiency,

further researches will be conducted in this aspect in the future.

Acknowledgement

This study was supported by the Collaborative Innovation Mode of the Integration of Industry and
Education under the National Strategy of Civil-Military Integration (No. 212400410445) and Henan
Provincial Key Research and Promotion Project (Soft Science Research) in 2021.

References

[1] N. Sitanggang, P. Luthan, and F. Dwiyanto, “The effect of Google SketchUp and need for achievement on
the students’ learning achievement of building interior design,” International Journal of Emerging
Technologies in Learning (iJET), vol. 15, no. 15, pp. 4-19, 2020.

[2] S.K. Cho, K. H. Jung, and J. Y. Choi, “Design optimization of interior permanent magnet synchronous motor
for electric compressors of air-conditioning systems mounted on EVs and HEVs,” IEEE Transactions on
Magnetics, vol. 54, no. 11, article no. 8204705, 2018. https://doi.org/10.1109/TMAG.2018.2849078

[3] Y. Terao, W. Akada, and H. Ohsaki, “Design and comparison of interior permanent magnet synchronous
motors using different bulk superconductor arrangements,” IEEE Transactions on Applied Superconductivity,
vol. 29, no. 5, article no. 5202205, 2019. https://doi.org/10.1109/TASC.2019.2899181

[4] P. Song and J. Jia, “Indoor scene generation based on case-based reasoning and collaborative filtering,”
Journal of System Simulation, vol. 31, no. 2, pp. 263-274, 2019. https://doi.org/10.16182/j.issn100473 1x.joss.
18-VR0699

[5] Y. Z.Ning, “Method of interior design project recommendation based on collaborative filtering technology,”
Microcomputer Applications, vol. 36, no. 11, pp. 123-125, 2020.

[6] H.S.Kwon,J.S.Ro, and H. K. Jung, “A novel social insect optimization algorithm for the optimal design of
an interior permanent magnet synchronous machine,” /EEE Transactions on Magnetics, vol. 54, no. 12,
article no. 8110706, 2018. https://doi.org/10.1109/TMAG.2018.2846227

J Inf Process Syst, Vol.19, No.5, pp.576~589, October 2023 | 587


https://doi.org/10.16182/j.issn1004731x.joss.18-VR0699
https://doi.org/10.16182/j.issn1004731x.joss.18-VR0699

Personalized Recommendation Algorithm of Interior Design Style Based on Local Social Network

[7]1 Y.Si, F. Zhang, and W. Liu, “An adaptive point-of-interest recommendation method for location-based social
networks based on user activity and spatial features,” Knowledge-Based Systems, vol. 163, pp. 267-282,
2019. https://doi.org/10.1016/j.knosys.2018.08.031

[8] C.Zheng, D. Tao, J. Wang, L. Cui, W. Ruan, and S. Yu, “Memory augmented hierarchical attention network
for next point-of-interest recommendation,” IEEE Transactions on Computational Social Systems, vol. 8, no.
2, pp- 489-499, 2021. https://doi.org/10.1109/TCSS.2020.3036661

[9] X. Jiao, Y. Xiao, W. Zheng, L. Xu, and H. Wu, “Exploring spatial and mobility pattern’s effects for colla-
borative point-of-interest recommendation,” /EEE Access, vol. 7, pp. 158917-158930, 2019. https://doi.org/
10.1109/ACCESS.2019.2950927

[10] R. Gao, J. Li, X. Li, C. Song, and Y. Zhou, “A personalized point-of-interest recommendation model via
fusion of geo-social information,” Neurocomputing, vol. 273, pp. 159-170, 2018. https://doi.org/10.1016/
j-neucom.2017.08.020

[11] T. Xu, Y. Ma, and Q. Wang, “Cross-urban point-of-interest recommendation for non-natives,” International
Journal of Web Services Research (IJWSR), vol. 15, no. 3, pp. 82-102, 2018. https://doi.org/10.4018/IJWSR.
2018070105

[12] Y. Huo, B. Chen, J. Tang, and Y. Zeng, “Privacy-preserving point-of-interest recommendation based on
geographical and social influence,” Information Sciences, vol. 543, pp. 202-218, 2021. https://doi.org/10.
1016/j.ins.2020.07.046

[13] V. Nobahari, M. Jalali, and S. J. Seyyed Mahdavi, “ISoTrustSeq: a social recommender system based on
implicit interest, trust and sequential behaviors of users using matrix factorization,” Journal of Intelligent
Information Systems, vol. 52, pp. 239-268, 2019. https://doi.org/10.1007/s10844-018-0513-8

[14] D. Jimenez-Castillo and R. Sanchez-Fernandez, “The role of digital influencers in brand recommendation:
examining their impact on engagement, expected value and purchase intention,” International Journal of
Information Management, vol. 49, pp. 366-376, 2019. https://doi.org/10.1016/j.ijinfomgt.2019.07.009

[15] W. Luan, G. Liu, C. Jiang, and M. Zhou, “MPTR: a maximal-marginal-relevance-based personalized trip
recommendation method,” IEEE Transactions on Intelligent Transportation Systems, vol. 19, no. 11, pp.
3461-3474, 2018. https://doi.org/10.1109/TITS.2017.2781138

[16] L. Bao, J. Wan, and L. Hao, “IWSN: a novel method for modeling the interaction of web services,” Journal
of Computational Methods in Sciences and Engineering, vol. 21, no. 1, pp. 135-150, 2021. https://doi.org/10.
3233/JCM-204425

[17] F. Yan, “Development and implementation of data management and analysis system for new power energy
based on MVC,” Journal of Computational Methods in Sciences and Engineering, vol. 19, no. S1, pp. 253-
258, 2019. https://doi.org/10.3233/JCM-191037

[18] L. Yao, Q. Z. Sheng, X. Wang, W. E. Zhang, and Y. Qin, “Collaborative location recommendation by
integrating multi-dimensional contextual information,” ACM Transactions on Internet Technology (TOIT),
vol. 18, no. 3, article no. 32, 2018. https://doi.org/10.1145/3134438

[19] M. Sohn, J. Kim, S. Jeong, and H. J. Lee, “Utility mining-based point-of-interest paths recommendation using
SNS posts in pervasive social environments,” Journal of Internet Technology, vol. 19, no. 5, pp. 1383-1392, 2018.

[20] W. Wang, J. Chen, J. Wang, J. Chen, and Z. Gong, “Geography-aware inductive matrix completion for
personalized point-of-interest recommendation in smart cities,” /EEE Internet of Things Journal, vol. 7, no.
S, pp. 4361-4370, 2020. https://doi.org/10.1109/J10T.2019.2950418

[21] F. Huang, S. Qiao, J. Peng, B. Guo, and N. Han, “STPR: a personalized next point-of-interest recom-
mendation model with spatio-temporal effects based on purpose ranking,” IEEE Transactions on Emerging
Topics in Computing, vol. 9, no. 2, pp. 994-1005, 2021. https://doi.org/10.1109/TETC.2019.2912839

[22] V. Vijayakumar, S. Vairavasundaram, R. Logesh, and A. Sivapathi, “Effective knowledge based recommender
system for tailored multiple point of interest recommendation,” International Journal of Web Portals
(IJWP), vol. 11, no. 1, pp. 1-18, 2019. https://doi.org/10.4018/IJWP.2019010101

588 | J Inf Process Syst, Vol.19, No.5, pp.576~589, October 2023


https://doi.org/10.1109/ACCESS.2019.2950927
https://doi.org/10.1109/ACCESS.2019.2950927
https://doi.org/10.1016/j.neucom.2017.08.020
https://doi.org/10.1016/j.neucom.2017.08.020
https://doi.org/10.4018/IJWSR.2018070105
https://doi.org/10.4018/IJWSR.2018070105
https://doi.org/10.1016/j.ins.2020.07.046
https://doi.org/10.1016/j.ins.2020.07.046
https://doi.org/10.3233/JCM-204425
https://doi.org/10.3233/JCM-204425

Guohui Fan and Chen Guo

Guohui Fan https://orcid.org/0009-0008-3678-2370

He born in December 1980, male, is from Shijiazhuang City, Hebei Province. He was
graduated from Huazhong University of Science and Technology, majoring in
computer aided architectural design. He is now an associate professor in Henan
Polytechnic Institute and the dean of urban construction college. Thirty-seven papers
have been published, of which three were included in EI. He presided over two
provincial teaching reform projects, two national teaching reform projects.

Chen Guo https://orcid.org/0009-0002-6213-8817

She born in April 1988, is a female from Nanyang City, Henan Province. She was
graduated from Qilu University of Technology, majoring in software technology. She
is now working in Henan Polytechnic Institute as a teaching assistant and a teacher of
computer-aided technology. Five papers have been published. She participated in one
national excellent course, one provincial scientific research project, two national
teaching reform projects, and two provincial teaching reform projects.

J Inf Process Syst, Vol.19, No.5, pp.576~589, October 2023 | 589




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


